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a b s t r a c t 
Self-construal (orientations of independence and interdependence) is a fundamental concept that guides human 
behaviour, and it is linked to a large number of brain regions. However, understanding the connectivity of these 
regions and the critical principles underlying these self-functions are lacking. Because brain activity linked to self- 
related processes are intrinsic, the resting-state method has received substantial attention. Here, we focused on 
resting-state functional connectivity matrices based on brain asymmetry as indexed by the differential partition of 
the connectivity located in mirrored positions of the two hemispheres, hemispheric specialization measured using 
the intra-hemispheric (left or right) connectivity, brain communication via inter-hemispheric interactions, and 
global connectivity as the sum of the two intra-hemispheric connectivity. Combining machine learning techniques 
with hypothesis-driven network mapping approaches, we demonstrated that orientations of independence and 
interdependence were best predicted by the asymmetric matrix compared to brain communication, hemispheric 
specialization, and global connectivity matrices. The network results revealed that there were distinct asymmetric 
connections between the default mode network, the salience network and the executive control network which 
characterise independence and interdependence. These analyses shed light on the importance of brain asymmetry 


















































The quest to understand the self and its role in guiding human
ehaviour is long-standing in psychology and other disciplines. From
he beginning of scientific psychology and psychiatry, researchers
istinguished different dimensions of the self ( Freud, 1915 ). Since
hen, the self has been broadly defined concerning other people,
dentity, social contexts and cognitive capacities ( Bandura, 1991 ;
onway and Pleydellpearce, 2000 ; Morris, 1979 ; Oyserman et al., 2002 ;
edikides and Skowronski, 1997 ; Shavelson et al., 1976 ; Triandis et al.,
988 ). One critical dimension to define the self is its relationship
o society and cultural contexts ( Sui et al., 2021 ), initially termed
elf-construal and consisting of independence and interdependence
 Markus and Kitayama, 1991 ), or known as individualism versus col-
ectivism ( Triandis et al., 1988 ). Individuals who hold a strong indepen-
ent self-construal are prevalent in Western cultures where people tend
o maintain independence from others and emphasize their unique in-
er attributes. In contrast, individuals in Eastern cultures tend to hold
n interdependent self-construal that stresses links to other people, es-
ecially close others (e.g., families and friends), collectivist values, so-
ial norms and duties. A primary distinction between independence and
nterdependence is the relationship to other people, that is, defining∗ Corresponding authors. 
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 http://creativecommons.org/licenses/by-nc-nd/4.0/ ) he self from a ‘me’ or ‘us’ perspective ( Oyserman and Lee, 2008 ). Al-
hough this self-concept was initially developed from research on cross-
ultural differences, considerable evidence demonstrated that orienta-
ions of independence and interdependence may be held within in-
ividuals, characterised the dynamic nature of the culture and self-
elationship ( Hong et al., 2000 ; Singelis et al., 1995 ). This multicultural
inds in individuals are associated with individual variations in the
rain ( Kitayama and Uskul, 2011 ; Li et al., 2018 ; Wang et al., 2017 ).
herefore, the neural bases underlying self-functions of independence
nd interdependence has become an important topic in neuroscience
ecause it may provide a propitious window to understanding how the
rain deals with complex social information and concepts shaped by
nvironmental forces in individuals. 
A wide range of brain regions linked the orientations of indepen-
ence and interdependence from the frontal regions (e.g., orbitofrontal
ortex, OFC; ventral and dorsal medial prefrontal cortex, vMPFC,
MPFC; dorsolateral prefrontal cortex, DLPFC; inferior frontal gyrus,
FG), the anterior and posterior cingulate cortex (ACC, PCC), pari-
tal and temporal regions, such as the inferior parietal lobule, pre-
uneus, and temporoparietal junction (TPJ) to occipital areas, in-
luding the fusiform gyrus and calcarine sulcus ( Han and Ma, 2014 ;
itayama et al., 2017 ; Wang et al., 2017 ), using different methods
 Kitayama and Uskul, 2011 ). Evidence from anatomical structural anal- 
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d  ses demonstrated that cultural experiences shape individuals’ brain
tructures ( Chee et al., 2011 ; Draganski and May, 2008 ; May and
aser, 2006 ). Although some researchers argued that these changes in
natomical structures were not solely attributed to cultural experiences,
ccumulated evidence showed that higher independent self-construal
cores were associated with increased grey matter volume in the frontal
obe, including the vMPFC and DLPFC, and right rostrolateral prefrontal
ortex, parietal-occipital areas in the right fusiform cortex and left post-
entral cortex ( Li et al., 2018 ; Wang et al., 2017 ). These regions reflect
igh-level self-evaluation, mentalizing the mental states of oneself and
thers, a sense of agency, and low-level self-perception. Higher inter-
ependent self-construal scores, on the other hand, are associated with
ecreased grey matter volume in the OFC, which reflects reduced self-
nterest ( Kitayama et al., 2017 ), and increased volume in the occipital
egions, including the bilateral calcarine regions extending to the lingual
yrus, which reflect enhanced global attention to the environment as a
hole rather than local objects ( Nisbett et al., 2001 ; Wang et al., 2017 ),
nd increased volume in the occipital regions, including the bilateral
alcarine regions extending to the lingual gyrus, which reflect enhanced
lobal attention to the environment as a whole rather than local objects
 Nisbett et al., 2001 ; Wang et al., 2017 ). The voxel-based morphome-
ry analysis in these studies has widely been used to identify the neural
ocalization of self-functions (e.g., orientations of independence and in-
erdependence). Such results are also consistent with task-relevant func-
ional magnetic resonance imaging (fMRI) studies that examined the
unctions of specific brain regions related to self-construals ( Chiao et al.,
009 ; Harada et al., 2020 ; Ray et al., 2009 ; Sui and Han, 2007 ). It should
e noted that these critical regions associated with self-construal from
xisting voxel-based morphometry and fMRI studies are part of well-
stablished networks such as the default mode network (DMN, e.g.,
PFC) and the executive control network (ECN, e.g., DLPFC) ( Molnar-
zakacs and Uddin, 2013 ; Scalabrini et al., 2021 ). It therefore seems
hat the connections of these regions’ associated networks may also be
ecessary for self-construal ( Liang et al., 2015 ; Uribe et al., 2020 ). 
Functional connectivity approaches have previously been used to
nvestigate the roles of neural networks in self-referential process-
ng ( Enzi et al., 2009 ; Grigg and Grady, 2010 ; Johnson et al., 2002 ;
uyun et al., 2014 ; Yang et al., 2013 ). Especially, because brain activ-
ty related to self-related processes are intrinsic, resting-state functional
agnetic resonance imaging (rs-fMRI) have received great attention in
elf research ( Biswal et al., 2010 ; Schneider et al., 2008 ). For exam-
le, the resting state brain activity are presumed to be spontaneous and
ntrinsic, and have been demonstrated in several brain function net-
orks (e.g., DMN) ( D’Argembeau et al., 2005 ; Northoff et al., 2011 ).
he DMN is through to reflect self-referential processing in a bottom-up
ashion (; Humphreys and Sui, 2016 ; Rahman et al., 2020 ). It interacts
ith other brain regions and networks such as the ECN and salience net-
ork (SN) for control of human behaviour ( Sui and Gu, 2017 ). Yang and
is colleagues found that autobiographic memory retrieval, rather than
emantic memory retrieval, correlates with active coupling between
he DMN and the hippocampus (corresponding to memories), because
etrieval of autobiographic memory not only includes self-referential
rocesses, but also evokes concrete self-relevant facts and memories
 Yang et al., 2013 ). Using task-irrelevant resting-state rs-fMRI analy-
es, Grigg and Grady found that the DMN functional connectivity as an
ntegrated whole was influenced by preceding self-referential tasks in
hich participants judged whether a personality trait appropriately de-
cribed themselves or a familiar other ( Grigg and Grady, 2010 ). More-
ver, neuropsychological evidence in patients with chronic stroke re-
ealed that brain damage in the vMPFC and insula led to a reduced self-
eferential processing ( Sui, 2016 ; Sui et al., 2015 ), consistent with a loss
f self-influence after brain damage in the DMN and the SN. In contrast,
rain damage in the dorsal frontoparietal regions led to an enhanced
elf-referential processing, suggesting the release of attentional control
xtragrating self-processing after brain lesions in the ECN ( Sui et al.,I  
2 015 ). Collectively, these findings indicate the functional roles of these
ey neural networks in self-referential processing. 
However, little is known about the contribution of functional con-
ectivity specifically to self-construal. Only one study to date has eval-
ated the role of functional connectivity in self-construal using rs-fMRI
 Li et al., 2018 ). In seed-based functional connectivity analysis, the au-
hors found that the connectivity within the DMN (e.g., PCC/PCU and
PFC) and within the ECN (e.g., TPJ) positively correlated with the
ndependent (vs. interdependent) scores, whereas the negative connec-
ivity between the DMN (E.G., PCC/PCU) and the ECN (e.g., TPJ) neg-
tively correlated with independence (vs. interdependence) ( Li et al.,
018 ). The results indicate the importance of network synchronization
or self-construal, and the interaction within and between the DMN and
he ECN might reflect the complex engagement of different levels of self-
eferential processing such as the bottom-up reflexion and inference-
ased control processes ( Johnson et al., 2002 ; Northoff et al., 2006 ;
ui, 2016 ; Sui and Gu, 2017 ; Uddin et al., 2007 ). This study provides
he first confirmation of the relationship between functional connectiv-
ty and self-construal. However, as this study involved a small sample
 n = 51) and the main results of functional connectivity came from seed-
ased analyses, it requires further validation. 
It has been suggested that machine learning techniques are use-
ul to learn the neural connectivity patterns with no seed selection
ias ( Al-Jarrah et al., 2015 ; Anticevic et al., 2015 ; Hoerl and Ken-
ard, 1970 ; Huynh-Thu et al., 2012 ; Qiu et al., 2016 ; Uddén et al., 2019 ).
 hypothesis-free and whole-brain analysis may reveal more global
roperties related to self-construal, involving a more complex combina-
ion of activity throughout the brain ( Beucke et al., 2013 ; Gruner et al.,
014 ). We therefore set out to test the whole-brain functional connec-
ivity related to self-construal using the machine learning approach in a
arge sample of participants ( n = 307). There are five possible connec-
ivity combinations to define the whole-brain functional connectivity,
ncluding brain Asymmetry Matrix measured by the connectivity asym-
etry across different regions of the two hemispheres, two Hemisphere
pecialization Matrix by the intra-hemispheric (left or right) connectiv-
ty, Global connectivity Matrix by the sum of the two intra- hemispheric
onnectivity, and Interactive Matrix by inter-hemispheric interactions
see Section 2.5.1 ). Through examining and comparing all these possi-
le matrices in predictive efficiency for self-construal, our study thus
imed to assess which connectivity matrix best predicts self-construal
ithout a prior bias and to delineate neural networks associated with
rientations of independence and interdependence by mapping the best
redictive matrix to the three key neural networks including the DMN,
he SN, and the ECN ( Andrews-Hanna et al., 2014 ; Anticevic et al., 2012 ;
ressler and Menon, 2010 ). 
Specifically, in contrast to the traditional static functional connectiv-
ty method that assumes temporal stationarity of the entire scan period,
e used a dynamic connectivity method in rs-fMRI analysis ( Li et al.,
019 ). It has been suggested that functional connectivity within and
cross neurocognitive networks (i.e., DMN, ECN and SN) is not station-
ry but rather fluctuate ( Douw et al., 2016 ; Marusak et al., 2017 ). Re-
ent studies have demonstrated the advantages of the dynamic method
ver the conventional static method in predicting psychological traits
 Abrol et al., 2017 ; Chen et al., 2016 ; Li et al., 2019 ; Liegeois et al.,
017 ; Liegeois et al., 2019 ; Mash et al., 2019 ). For example, Mash et al.
ound that the dynamic connectivity method, in comparison to the static
onnectivity method, better predicted the differences between autism
pectrum disorders (ASD) and typically developing (TD) individuals. 
. Materials and methods 
.1. Participants 
There were three hundred and fifty-nine participants who were un-
ergraduate or graduate students. All participants were right-handed.
nformed consent was obtained from participants prior to the study ac-

























































































































r  ording to procedures approved by the Ethics Committee of the School
f Medicine at Tsinghua University. Thirty-six participants with a mean
rame-wise displacement value that exceeded the mean > 0.5 mm or
aximum frame-wise displacement > 1 mm were excluded from data
nalyses as their results may be contaminated by head movements. Also,
ixteen participants with uncompleted data were excluded from data
nalysis. Thus, a dataset of 307 participants was derived for further
nalysis (156 males, 151 females, ages 18–37 years, mean age 22.70
 3.05 years). 
.2. Measurements of independence and interdependence orientations 
The participants completed a widely used measurement of indepen-
ence and interdependence, the self-construal Scale with Chinese trans-
ation ( Singelis, 1994 ). It consists of thirty items, half of which assess
ndependence, and the remaining items assess interdependence. Partic-
pants were instructed to rate how much they agreed with each item
sing a 7-point Likert-type scale that ranged from 1 (strongly disagree)
o 7 (strongly agree). Larger scores indicated a relatively larger orien-
ation towards independence (mean value 72.61 ± 9.71) or interdepen-
ence (mean value 76.22 ± 9.34). The Cronbach’s alpha reliabilities for
he independence and interdependence subscales in this study were .76
nd .78, respectively, consistent with previous studies ( Fernández et al.,
005 ; Kitayama et al., 2017 ; Singelis and Sharkey, 1995 ). 
.3. Image acquisition 
Brain imaging data were acquired at the center of Bio-Medical Imag-
ng Research (CBIR), Tsinghua University using a 3T Philips Achieva
RI scanner (Philips Healthcare, Best, The Netherlands) with a 32-
hannel head coil. The gradient coil and the slew rate applied in the
urrent study were 40 mT and 200 mT/m/s. There was a MRI QC
est including the SNR and TSNR test in the morning on a daily ba-
is. Head motion was controlled using a tight but comfortable foam
adding. Resting-state fMRI images were acquired using a T2-weighted
cho-planar imaging sequence: repetition time (TR) = 2300 ms, echo
ime (TE) = 35 ms, flip angle (FA) = 90°; slice thickness = 2.5 mm
ith gap = 1.0 mm; slice orientation is transverse; voxel size = 2.5 mm
2.5 mm x 2.5 mm; acquisition matrix = 96 × 96 × 37; field of
iew (FOV) = 240 × 240 mm 2 , 37 ascending slices. During the func-
ional scan, the participants were instructed to open their eyes, not
o think of anything, and not to fall asleep. The total duration of the
can was 508.3 s. High-resolution T1-weighted spoiled gradient-echo
tructural images were also obtained at a slice thickness of 1 mm with
o gap in coronal view (TR = 8.1 ms, TE = 3.7 ms, 160 contiguous
agittal slices, flip angle. = 8°, FOV = 240 × 240 mm 2 , acquisition ma-
rix = 240 × 240 × 160, voxel size = 1 × 1 × 1 mm. 
.4. Data preprocessing and dynamic network construction 
Functional images were preprocessed using the GRETNA
 Wang et al., 2015 ) ( www.nitrc.org/projects/gretna ) and SPM12
oolkits ( www.fil.ion.ucl.ac.uk/spm ) with the following steps: (1) the
rst 10 volumes of images discarded to ensure magnetization equilib-
ium; (2) slice timing correction with the first slice; (3) head-motion
stimation and correction with a 0.01–0.10 Hz frequency bandpass; and
4) the first scan of fMRI time series co-registered to the T1-weighted
mages then normalized to the Montreal Neurological Institute (MNI)
emplate space and spatially smoothing with a 4 mm full-width at half-
aximum Gaussian kernel. The results without Global signal regression
GSR) procedure are reported because they may include valuable
nformation ( Chen et al., 2012 ; Liu et al., 2017 ; Nalci et al., 2017 ;
calabrini et al., 2020 ) (results with GRS are reported in Supplementary
aterial Section S.1.6). 
Based on the construction of the dynamic functional connectivity
sing GRETNA software, we used a constant-step and constant-size win-3 ow to capture the time-change feature of the functional connectivity
or the 246 ROIs. As machine learning models typically benefit from
he large number of available input features, we therefore used a fine-
rained human Brainnetome Atlas, with 210 cortical and 36 subcortical
ubregions, which contains information on both anatomical and func-
ional connection ( Fan et al., 2016 ). Then we divided the time series
ata into 22-TR windows. The window was step-wise by 1 TR with the
21-TR length scan. There were 200 consecutive windows across the
ntire scan. We computed the nodal efficiency of each ROI for each win-
ow. There was an array of 200 windows for every ROI and a 246 × 246
odal efficiency matrix for each participant. We computed Pearson’s R-
alue between each array of nodal efficiency for all ROIs. The dynamic
onnectivity matrix (shape 246 × 246 for each subject) was acquired us-
ng this method. Each row of the matrix (shape 1 × 246) represents the
ynamic connection between one ROI with the whole ROIs. Hence, the
onnectivity matrix characterizes the ROI connections in whole-brain at
he global level, and then used for feature selection and model predic-
ion analysis. 
.5. Data analysis 
.5.1. Definition of connectivity matrices 
There were five possible matrices to measure the whole-brain func-
ional connectivity including brain Asymmetry Matrix, left Hemisphere
pecialization Matrix, right Hemisphere specialization Matrix, Global
onnectivity Matrix, and Interactive Matrix. Specifically, we used the
djacent matrix to characterize the weighted network of whole-brain
unctional connectivity. 
Functional asymmetry was defined by the Asymmetric matrix between
he Left and Right intra-hemispheric matrix - the absolute value of the
eft-brain matrix minus the Right-brain matrix ( Fig. 1 f). The Sum of the
ntra-hemispheric connectivity in the two hemispheres was measured as
he Global matrix - the Left-brain matrix concatenating the Right-brain
atrix ( Fig. 1 a). The inter-hemispheric communication between hemi-
pheres was indexed as the Interactive matrix , the connectivity between
he left and right hemispheres ( Fig. 1 b). The left or right Hemisphere
pecialization Matrix referred to brain connectivity in each hemisphere
 Fig. 1 c and d). 
.5.2. Feature selection 
We examined the linear relationships between self-construal (orien-
ations of independence and interdependence) and the functional con-
ectivity measured by the edges of every input connectivity matrix (e.g.,
symmetric matrix or Interactive matrix) using Pearson correlation
nalysis. Functional connections with p -values < 0.05 in the correlations
ere kept for further analysis. We then concatenated the notable edges
s a vector for every input connectivity matrix. In this work, there were
 connectivity measures (Asymmetric Matrix, Interactive Matrix, Global
atrix, Left hemisphere specialized Matrix, Right hemisphere special-
zed Matrix) and 2 scores (independence, interdependence). Thus, there
ere 10 combinations in total. 
.5.3. Model prediction 
We performed model prediction using three widely used linear
achine-learning models to avoid bias for model selection, the Ridge
 Hoerl and Kennard, 1970 ), Lasso ( Tibshirani, 1996 ), and Support Vec-
or Machine model ( Boser et al., 1992 ) with linear kernel. In contrast
o traditional statistics, these machine-learning computational analy-
es enabled us to discover multivariate patterns in self-functions with-
ut prior assumptions. Fig. 2 a shows the flow of parameter selec-
ion for each model: (1) identification of the approximate global op-
imal parameter using the cross-validation method in a large param-
ter space; (2) sampling the parameters 50 times using a normal dis-
ribution (mean value = global optimal parameter, variance = square
oot of the optimal value, the sampling parameter with a negative
G. Shi, X. Li, Y. Zhu et al. NeuroImage 240 (2021) 118382 
Fig. 1. Illustration of the functional connectivity asymmetry ( the Asymmetry Matrix ) (f), the whole-brain connectivity ( the Global Matrix ) (a), and the inter-hemispheric 
communication ( the Interactive Matrix ) (b), the left or right Hemisphere Specialization Matrix (c and d). 












a  alue replaced with its absolute value); (3) evaluation of the perfor-
ance of model prediction in which the root mean square error (RMSE),
ean square error (MAE), and Pearson correlation coefficient R-value
f predicting self-construal scores and the real values were computed,
nd the cross-validation method was used by taking 10-fold cross-
alidation with 30 samples as the testing dataset and the remaining4 amples as the training set to measure the out-of-sample prediction
erformance. 
Fig. 2 b shows the pipeline of the prediction task. The feature se-
ection process yielded the vector representation from the functional
onnectivity matrix. The subsequent process predicted the independent
nd interdependent self-construal scores of the three machine-learning
G. Shi, X. Li, Y. Zhu et al. NeuroImage 240 (2021) 118382 
Fig. 3. The prediction results of each connec- 
tivities (A-Asymmetric, B-Interactive, C-Global, 
D-Left, E-Right matrices) for orientations of in- 
dependence and interdependence. ∗ if p < 0.05 
and ∗ ∗ if p < 0.001 for permutation test. R 
value: Pearson correlation r value, RMSE: root 



































t  odels with sampling the parameters 50 times in each model. We com-
ared the 150 times prediction performance for each matrix (5 matrices
or independent self-construal, 5 for interdependent self-construal). We
xamined which connectivity matrix out of 5 possible matrices better
redicted independent and interdependent self-construals. Experimen-
al comparison between different machine-learning models with the ran-
om sampling parameters was used to avoid a biased result from man-
ally selected models and parameters. 
To verify the above results, we repeated the primary analyses on
eature selection and model prediction using the Individualism and Col-
ectivism Scale ( Singelis et al., 1995 ) in the same population ( n = 304).
he results that the asymmetric matrix, compared to other connectivity
atrices, best predicted self-construals, were reproduced (see the Sup-
lementary Materials, Section S.1.5). 
Finally, we delineated the critical functional connectivity, specifi-
ally associated with independent and interdependent self-construals
rom the best prediction models. To reduce parameter estimation bias,
e selected the top 5 prediction models for orientations of independence
nd interdependence each ( Rubin et al., 2018 ; Xie et al., 2017 ). We re-5 orted the top 200 functional connectivities with high weights among
hese models. These connections were then mapped to the three net-
orks (i.e., ECN, SN, DMN) ( Yeo et al., 2011 ), representing orientations
f independence and interdependence separately. 
. Result 
.1. Functional asymmetry predicts independence 
Experimental comparison showed that Asymmetric Matrix , in com-
arison to the Global Matrix , the Interactive Matrix, the left and right Hemi-
pheric Specification Matrices , better predicted independence ( Fig. 3 ). The
esults were consistent between the three types of prediction metrics, r
alue, RMSE, and MAE. Permutation tests revealed more accurate pre-
ictions from the Asymmetric matrix than all other matrices. 
To verify the above results, we compared the top 5 performances for
ach prediction. We calculated the correlation R-value between the true
cores and the predicted scores (see Table 1 , Fig. 4 ). The result showed
hat compared to other matrices, the Asymmetry Matrix best predicted
G. Shi, X. Li, Y. Zhu et al. NeuroImage 240 (2021) 118382 
Table 1 
Prediction values and improvement from the 5 functional connectivity matrices. 
Self-Construal Independence Interdependence 
FC matrix R-value RMSE MAE R-value RMSE MAE 
Interactive Matrix 0.15 9.62 7.60 0.50 8.09 6.51 
Sum/global Matrix 0.20 10.25 8.12 0.43 8.41 6.81 
Left Matrix 0.12 9.64 7.63 0.32 8.91 7.10 
Right Matrix 0.44 8.91 7.10 0.45 8.38 6.74 
Asymmetric Matrix 0.55 8.16 6.60 0.61 7.45 5.96 
Improvement Rate 20.00% 9.20% 7.58% 18.03% 8.59% 9.23% 
Fig. 4. The top 5 prediction performances of each task. (a) Asymmetric-Independence, (b) Asymmetric-Interdependence, (c) Interactive-Independence, and (d) 




















t  ndependence. In particular, although the Global Matrix contained the
ame initial information as the Asymmetric Matrix, the model compar-
son showed that the prediction performance improved at least 10% in
he Asymmetric Matrix over the Global Matrix. The results were statis-
ically tested by the ANOVA method (see the S.1.3 section). 
.2. Functional asymmetry predicts independence 
In line with the results in independence, permutation tests showed
hat Asymmetric Matrix was the best predictive matrix for interdepen-
ence ( Fig. 3 ). The results were robust among the three types of pre-
iction metrics, r value, RMSE, and MAE. Again, the model comparison6 evealed that the prediction performance improved at least 10% in the
symmetric Matrix over the Global Matrix. The analysis of the top 5
erformances for each prediction verified these results. The Asymmetry
atrix more accurately predicted independence than other connectivity
atrices ( Table 1 , Fig. 4 , the S.1.3 section). 
.3. Network connectivity in independence and interdependence 
To determine the roles of neural networks in orientations of indepen-
ence and interdependence, we mapped the crucial functional connec-
ions from our best predictive models (i.e., the asymmetry connectivity
G. Shi, X. Li, Y. Zhu et al. NeuroImage 240 (2021) 118382 
Fig. 5. Crucial inter-connections between 3 neurocognitive networks obtained from machine learning models for orientations of independence and interdependence 
respectively. The width of ribbons represents the mean connection strength across subjects between neurocognitive networks. The colour of the ribbons is just to 


















































































r  atrix) to the DMN, SN, and ECN. Figs. 5 and 6 illustrate the connec-
ivity asymmetry among the three networks. 
For independence, there were stronger functional connections
etween the DMN and the ECN in the left brain than in the
ight brain, via the intra-frontal and frontal-temporal connectivity
SFG 5 -MFG 21 , MFG 23 -IFG 31 , IFG 35 -IFG 31 , OrG 41 -SFG 1 , SFG 1 -pSTS 121 ,
FG 19 -MTG 83 , MFG 21 -MTG 83 , MFG 21 -pSTS 121 ). The functional con-
ectivity between the DMN and the SN showed the opposite pat-
ern; there were greater DMN-SN connectivity in the right hemi-
phere than in the left hemisphere, via the frontal-parietal con-
ectivity (PoG 160 -SFG 14 , PoG 160 -OrG 42 ), parietal-temporal connectiv-
ty (PoG 160 -STG 80 , PoG 160 -MTG 88 ) and frontal-temporal connectivity
PCL 66 -MTG 84 , STG 74 -MTG 84 ); a similar pattern was observed in the
onnectivity between the ECN and the SN, mainly via the intra-frontal
onnectivity (OrG 46 -PrG 54 , OrG 46 -PrG 58 , OrG 46 -PrG 60 , MFG 28 -PCL 66 ,
FG 20 -PCL 66 ). 
For interdependence, the functional connectivity between the DMN
nd the ECN showed the right hemispheric dominance, via the intra-
rontal connectivity (MFG 20 -SFG 6 , MFG 28 -OrG 44 ), frontal-parietal con-
ectivity (MFG 24 -IPL 144 , MFG 28 -IPL 144 ). In contrast, the DMN-SN con-
ectivity demonstrated the left hemispheric dominance, via PrG 57 -
TG 95 , STG 75 -ITG 95 , PoG 161 -CG 179 , INS 171 -OrG 41 . There was a weak
symmetry pattern in the ECN-SN connectivity in the right brain, via
he frontal-temporal connectivity (OrG 46 -SFG 10 , OrG 46 -STG 76 ). 
. Discussion 
Previous work has identified that self-construals are associated with
 wide range of regions distributed across the two sides of the brain.
owever, the roles of connections of their associated networks have
eceived little attention. Using the functional connectivity approaches,
he current study revealed that orientations of independence and inter-
ependence were underpinned by distinct asymmetric connectivity be-
ween the three networks (i.e., DMN, SN, ECN). First, the precise predic-
ion of independence and interdependence was examined using input-
ased ablation experimental comparisons between all possible func-
ional connectivity matrices with no a priori bias towards any measure-
ent. Dynamic functional connectivity analyses revealed that the best
rediction performance for self-construal came from the brain Asym-
etry Matrix over the Global Matrix, the Interactive Matrix, and the
eft/Right Hemisphere Specialization Matrix. Second, to identify which
onnections of the three networks were associated with self-construal,7 e mapped the best predictive Asymmetric Matrix models to the three
etworks. Independence correlated with enhanced DMN-ECN connec-
ivity in the left hemisphere and increased DMN-SN connectivity in the
ight hemisphere. In contrast, there were the opposite patterns for inter-
ependence; the DMN-ECN connectivity showed a left hemispheric dom-
nance and the DMN-SN connectivity with a right hemispheric domi-
ance. The ECN-SN connectivity showed a right hemispheric dominance
or both independent and interdependent self-construals. 
Previous studies have emphasized hemispheric specialization in self-
eferential processing. For example, studies in neuropsychiatric and
eurological patients that were related to brain lateralization (e.g.,
allucinations, split-brain), revealed hemispheric specialization in self-
ecognition ( Den Heuvel et al., 2009 ; Keenan et al., 2001 ; Sperry et al.,
979 ; Turk et al., 2002 ). Turk et al. (2002) found a left-hemisphere
ominant for self-recognition in a split-brain patient. The authors
laimed that brain networks in the left hemisphere are associated
ith a self-memory system that guides self-recognition. In contrast,
eenan et al. (2001) reported a right-hemispheric dominance for the
etrieval of self faces compared to celebrity’s faces in a recall task in
ve patients undergoing hemispheric specific anaesthesia (the WADA
est). The approaches in these studies assessed the neural patterns of
elf-referential processing in each hemisphere and provided a qualita-
ive difference of the two hemispheres in self-functions. Instead, the
urrent study has proposed a quantitative approach to investigate func-
ional connectivity for self-construal across the whole brain and link it
o well-established cognitive neural networks. Our results showed that
he Asymmetric connectivity Matrix best predicted independent and in-
erdependent self-construals. The results may imply that individuals de-
elop self-construal through social interactions with the environment
nd accumulated knowledge, which may benefit from the involvement
f the two hemispheres and each of which dominates in different aspects
f self-referential processes. The mixed results in previous patient stud-
es may reflect different accessible aspects of self-referential processing
n a given context ( Kong et al., 2020 ). The current results support the
iew that brain asymmetry can effectively characterize psychological
unctions ( Chen et al., 2019 ; Gotts et al., 2013 ; Kann et al., 2016 ). 
Evidence from human to animal studies has showed that brain asym-
etry is associated with various connections across the occipital, tem-
oral, parietal and frontal circuits ( Li et al., 2018 ; Vingerhoets, 2019 ).
ne important question is which circuit asymmetries are associated with
ndependent and interdependent self-construals. Li et al. (2018) have
eported that when the left PCC/PCu (part of the DMN) was selected
G. Shi, X. Li, Y. Zhu et al. NeuroImage 240 (2021) 118382 
Fig. 6. Detailed crucial connections for orientations of independence (a) and interdependence (b), respectively. SFG-Superior Frontal Gyrus, MFG-Middle Frontal 
Gyrus, IFG-Inferior Frontal Gyrus, OrG-Orbital Gyrus, PrG-Precentral Gyrus, PCL-Paracentral Lobule, STG-Superior Temporal Gyrus, MTG-Middle Temporal Gyrus, 
ITG-Inferior Temporal Gyrus, FuG-Fusiform Gyrus, PhG-Parahippocampal Gyrus, pSTS-posterior Superior Temporal Sulcus, SPL-Superior Parietal Lobule, IPL-Inferior 
Parietal Lobule, Pcun-Precuneus, PoG-Postcentral Gyrus, INS-Insula Gyrus, CG-Cingulate Gyrus, MVOcC-MedioVentral Occipital Cortex, LOcC-lateral Occipital Cortex, 






































t  s a seed, the connections between the seed and the left IFG and the
ight TPJ correlated with independence (vs. independence). When the
ight PCC/PCu was selected as a seed, the connections between the seed
nd the bilateral MPFC and the right TJP were associated with indepen-
ence (vs. interdependence). A similar pattern was observed when the
eft IFG (part of the ECN) was used as a seed region. Li et al. (2018) mea-
ured functional connectivity between the ROIs, while our best pre-
ictive model came from the functional asymmetric matrix (the left-
rain connectivity matrix minus the right-brain connectivity matrix).
lthough for this reason it is impossible to compare the two studies, the
verall connectivity patterns, specifically for the connections through
he DMN, appear to be similar. By mapping the best predictive matrix
o the three networks without seed selection bias, the distinct functional
symmetry for independent self-construal occurred in the left DMN-ECN
onnections. The result is in line with previous fMRI studies demonstrat-
ng that enhanced coupling between the DMN (e.g., vMPFC) and the
eft ECN (e.g., pSTS) leads to a large self-bias in the perceptual match-
ng task ( Sui et al., 2013 ). In addition, our finding that the DMN-SN
onnectivity showed a right hemispheric dominance for independence8 ight reflect the direct linkage between self-referential processing and
motion processing, which has been observed in previous fMRI studies
 Molnar-Szakacs and Uddin, 2013 ; Uddin et al., 2017 ; Yankouskaya and
ui, 2021 ). Therefore, the current results are consistent with the theo-
etical idea that the independent self-construal may reflect more on the
ersonal and affective aspects of the self ( Markus and Kitayama, 1991 ;
ui and Gu, 2017 ). 
On the other hand, interdependence was associated with stronger
MN-ECN connections in the right brain but greater DMN-SN connec-
ivity in the left brain. It is not clear why there are enhanced DMN-
N connections in the left hemisphere related to interdependence. One
ossibility is that individuals with higher interdependent self-construal
cores may be more sensitive to socially salient stimuli in the environ-
ent ( Sui et al., 2015 ), which requires increased activity in the left tem-
oroparietal junction ( Samson et al., 2004 ). The asymmetric networks
ere connected through the frontal regions, which have been found in
revious MRI/fMRI studies in interdependence ( Kitayama et al., 2017 ;
ay et al., 2009 ; Wang et al., 2013 ). The authors have argued that
he involvement of these regions (e.g., bilateral OFC and TPJ, MPFC,
























































































































nd the right middle frontal cortex) may reflect reduced self-interest
 Kitayama et al., 2017 ) and enhanced theory of mind in more interde-
endent individuals ( Ray et al., 2009 ; Sui and Han, 2007 ), as those indi-
iduals have a greater self-awareness in interpersonal relations. There-
ore, our results of interdependence can be interpreted through the ‘we’
erspective ( Oyserman and Lee, 2008 ). 
Furthermore, we found a common ECN-SN connectivity pattern
or independent and interdependent self-construals. The connectivity
howed a right hemisphere dominance over the frontal and temporal
egions. These regions have been argued to play a critical role in main-
aining a sense of the self and mentalizing the mental states of others
 Gallagher and Frith, 2003 ; Schurz et al., 2014 ; Sui and Gu, 2017 ). Ac-
ording to the previous work, our result might reflect that individuals,
o matter with a greater independent or interdependent self-construal,
ave a strengthened sense of the self when they interact with the envi-
onment. Future research might focus on the relationship between self-
onstruals and the functional connectivity between the ECN and SN. 
It is not surprising that orientations of independence and interdepen-
ence were better predicted by brain asymmetry than brain communica-
ion and global connectivity. From an evolutionary perspective, the lat-
ralized functions of two brains increased with evolution ( Duboc et al.,
015 ). However, the development of brain asymmetry associated with
omplex self-functions may be linked to genetic and environmental vari-
tions ( Jahanshad et al., 2010 ; Liu et al., 2009 ). An important unknown
n the research of brain asymmetry is how functional connectivity asym-
etries arise and interact with genetic factors to contribute to complex
elf-functions. One solution may be to combine the current methods with
enetic approaches to test the development of neural asymmetry. For
xample, why are some circuit asymmetries distinct to independence or
nterdependence? 
One limitation of the current study is that we investigated only linear
elationships between the whole-brain functional connectivity matrices
nd self-construal. Self-construal is a complex cultural-related concept
hat may contain nonlinear influence from the environment. Future re-
earch should consider non-linear models to estimate the impact of cul-
ural experience in the brain. Also, the sample of participants from a
ingle culture can control for possible confounding components such
s language and genetic factors. However, it limits the generalizabil-
ty of the current findings. Another limitation of the current study is
ts correlative nature, preventing an inference on the necessary role
f a connectivity for self-construals. Although data based reverse in-
erences were regarded as a useful method to generate new and novel
ypotheses ( Poldrack, 2011 ), the current findings need to be examined
n future investigations, particularly in studies with a longitudinal de-
ign, task-based manipulations, and/or patients whose functional con-
ectivity may be disrupted ( Northoff and Gomez-Pilar, 2020 ; Qin and
orthoff, 2011 ; Wade ‐Bohleber et al., 2021 ). In addition, due to the
elatively long TR used in data acquisition procedure, short-term dis-
ortions such as head motion cannot be fully corrected ( Mikl et al.,
008 ; Uddén et al., 2019 ; White et al., 2001 ). The current results also
eed to be validated in future studies with anatomical connectivity data
 Zhong et al., 2021 ). 
In conclusion, functional connectivity analyses revealed that brain
symmetry precisely predicted the orientations of independence and in-
erdependence. The present findings are consistent with previous neu-
oimaging and neuropsychological studies showing that self-contruals
re associated with core regions of the DMN, SN, and ECN. Our find-
ngs indicate that self-construals were underpinned by functional con-
ectivity between these networks, providing initial evidence that func-
ional asymmetry may be a critical principle underlying the complex
elf-functions of independence and interdependence in the brain. Given
he significance of understanding the self and others in social environ-
ents, the present results provide a useful way to understand individual
ariations of how social cultural contexts shape the neural expression of
omplex self-functions. 9 redit authorship contribution statement 
Gen Shi: Methodology, Writing – original draft. Xuesong Li: Super-
ision, Writing – review & editing. Yifan Zhu: Methodology, Visual-
zation. Ruihong Shang: Visualization. Yang Sun: Data curation. Hua
uo: Data curation, Validation. Jie Sui: Writing – review & editing,
ata curation. 
cknowledgments 
This research is partly supported by the National Natural Science
oundation of China ( 62071049 , 61801026 ), and the Leverhulme Trust
RPG-2019-010). 
ata and code availability statements 
Both data and code are available. Please contact the corresponding
uthor and promise that the data will be used in a confidential manner
nd that the code will not be used for commercial applications. 
upplementary materials 
Supplementary material associated with this article can be found, in
he online version, at doi:10.1016/j.neuroimage.2021.118382 . 
eferences 
brol, A. , Damaraju, E. , Miller, R.L. , Stephen, J.M. , Claus, E.D. , Mayer, A.R. , Cal-
houn, V.D. , 2017. Replicability of time-varying connectivity patterns in large resting
state fMRI samples. Neuroimage 163, 160–176 . 
l-Jarrah, O.Y. , Yoo, P.D. , Muhaidat, S. , Karagiannidis, G.K. , Taha, K. , 2015. Efficient
machine learning for big data: a review. Big Data Res. 2, 87–93 . 
ndrews-Hanna, J.R. , Smallwood, J. , Spreng, R.N. , 2014. The default network and self-
-generated thought: component processes, dynamic control, and clinical relevance.
Ann. N. Y. Acad. Sci. 1316, 29–52 . 
nticevic, A. , Cole, M.W. , Murray, J.D. , Corlett, P.R. , Wang, X.J. , Krystal, J.H. , 2012. The
role of default network deactivation in cognition and disease. Trends Cogn. Sci. 16,
584–592 . 
nticevic, A. , Haut, K. , Murray, J.D. , Repovs, G. , Yang, G.J. , Diehl, C. , McEwen, S.C. ,
Bearden, C.E. , Addington, J. , Goodyear, B. , Cadenhead, K.S. , Mirzakhanian, H. , Corn-
blatt, B.A. , Olvet, D. , Mathalon, D.H. , McGlashan, T.H. , Perkins, D.O. , Belger, A. , Sei-
dman, L.J. , Tsuang, M.T. , van Erp, T.G.M. , Walker, E.F. , Hamann, S. , Woods, S.W. ,
Qiu, M. , Cannon, T.D. , 2015. Association of thalamic dysconnectivity and conversion
to psychosis in youth and young adults at elevated clinical risk. JAMA Psychiatry 72,
882–891 . 
andura, A. , 1991. Social cognitive theory of self-regulation. Organ. Behav. Hum. Decis.
Process. 50, 248–287 . 
eucke, J.C. , Sepulcre, J. , Talukdar, T. , Linnman, C. , Zschenderlein, K. , Endrass, T. ,
Kaufmann, C. , Kathmann, N. , 2013. Abnormally high degree connectivity of the or-
bitofrontal cortex in obsessive-compulsive disorder. JAMA Psychiatry 70, 619–629 . 
iswal, B.B. , Mennes, M. , Zuo, X.-N. , Gohel, S. , Kelly, C. , Smith, S.M. , Beckmann, C.F. ,
Adelstein, J.S. , Buckner, R.L. , Colcombe, S. , Dogonowski, A.-M. , Ernst, M. , Fair, D. ,
Hampson, M. , Hoptman, M.J. , Hyde, J.S. , Kiviniemi, V.J. , Kötter, R. , Li, S.-J. ,
Lin, C.-P. , Lowe, M.J. , Mackay, C. , Madden, D.J. , Madsen, K.H. , Margulies, D.S. ,
Mayberg, H.S. , McMahon, K. , Monk, C.S. , Mostofsky, S.H. , Nagel, B.J. , Pekar, J.J. ,
Peltier, S.J. , Petersen, S.E. , Riedl, V. , Rombouts, S.A.R.B. , Rypma, B. , Schlaggar, B.L. ,
Schmidt, S. , Seidler, R.D. , Siegle, G.J. , Sorg, C. , Teng, G.J. , Veijola, J. , Villringer, A. ,
Walter, M. , Wang, L. , Weng, X.C. , Whitfield-Gabrieli, S. , Williamson, P. , Windis-
chberger, C. , Zang, Y.F. , Zhang, H.Y. , Castellanos, F.X. , Milham, M.P. , 2010. Toward
discovery science of human brain function. Proc. Natl. Acad. Sci. 107, 4734–4739 . 
oser, B.E. , Guyon, I.M. , Vapnik, V.N. , 1992. A Training algorithm for optimal margin
classifiers. In: Proceedings of the fifth Annual Workshop on Computational Learning
Theory, pp. 144–152 . 
ressler, S.L. , Menon, V. , 2010. Large-scale brain networks in cognition: emerging methods
and principles. Trends Cogn. Sci. 14, 277–290 . 
hee, M.W.L. , Zheng, H. , Goh, J.O.S. , Park, D.C. , Sutton, B.P. , 2011. Brain structure in
young and old east asians and westerners: comparisons of structural volume and cor-
tical thickness. J. Cogn. Neurosci. 23, 1065–1079 . 
hen, G. , Chen, G. , Xie, C. , Ward, B.D. , Li, W. , Antuono, P. , Li, S.J. , 2012. A Method
to determine the necessity for global signal regression in resting-state fMRI studies.
Magn. Reson. Med. 68, 1828–1835 . 
hen, Q. , Beaty, R.E. , Cui, Z. , Sun, J. , He, H. , Zhuang, K. , Ren, Z. , Liu, G. , Qiu, J. , 2019.
Brain hemispheric involvement in visuospatial and verbal divergent thinking. Neu-
roimage 202, 116065 . 
hen, T. , Cai, W. , Ryali, S. , Supekar, K. , Menon, V. , 2016. Distinct global brain dynamics
and spatiotemporal organization of the salience network. PLoS Biol. 14 (6), e1002469 .











































































































S  hiao, J.Y. , Harada, T. , Komeda, H. , Li, Z. , Mano, Y. , Saito, D.N. , Parrish, T.B. , Sadato, N. ,
Iidaka, T. , 2009. Neural basis of individualistic and collectivistic views of self. Hum.
Brain Mapp. 30, 2813–2820 . 
onway, M.A. , Pleydellpearce, C.W. , 2000. The construction of autobiographical memo-
ries in the self-memory system. Psychol. Rev. 107, 261–288 . 
’Argembeau, A. , Collette, F. , Van der Linden, M. , Laureys, S. , Del Fiore, G. , Degueldre, C. ,
Luxen, A. , Salmon, E. , 2005. Self-referential reflective activity and its relationship
with rest: a pet study. NeuroImage 25, 616–624 . 
en Heuvel, M.P.V. , Stam, C.J. , Kahn, R.S. , Pol, H.E.H. , 2009. Efficiency of functional
brain networks and intellectual performance. J. Neurosci. 29, 7619–7624 . 
ouw, L. , Wakeman, D.G. , Tanaka, N. , Liu, H. , Stufflebeam, S.M. , 2016. State-dependent
variability of dynamic functional connectivity between frontoparietal and default net-
works relates to cognitive flexibility. Neuroscience 339, 12–21 . 
raganski, B. , May, A. , 2008. Training-induced structural changes in the adult human
brain. Behav. Brain Res. 192, 137–142 . 
uboc, V. , Dufourcq, P. , Blader, P. , Roussigne, M. , 2015. Asymmetry of the brain: devel-
opment and implications. Annu. Rev. Genet. 49, 647–672 . 
nzi, B. , De Greck, M. , Proesch, U. , Tempelmann, C. , Northoff, G. , 2009. Is our self-nothing
but reward? Neuronal Overlap and distinction between reward and personal relevance
and its relation to human personality. PLoS ONE 4, e8429 . 
an, L. , Li, H. , Zhuo, J. , Zhang, Y. , Wang, J. , Chen, L. , Yang, Z. , Chu, C. , Xie, S. , Laird, A.R. ,
2016. The human brainnetome atlas: a new brain atlas based on connectional archi-
tecture. Cereb. Cortex 26, 3508–3526 . 
ernández, I. , Paez, D. , González, J.L. , 2005. Independent and interdependent self-con-
struals and socio-cultural factors in 29 nations. Revue Int. Psychol. Soc. 18, 35–63 . 
reud, S. , 1915. The Interpretation of Dreams. G. Allen & Unwin, London [1900, Transla-
tion by Aa Brill.] . 
allagher, H.L. , Frith, C.D. , 2003. Functional imaging of ’theory of mind’. Trends Cogn.
Sci. 7, 77–83 . 
otts, S.J. , Jo, H.J. , Wallace, G.L. , Saad, Z.S. , Cox, R.W. , Martin, A. , 2013. Two distinct
forms of functional lateralization in the human brain. Proc. Natl. Acad. Sci. 110,
E3435–E3444 . 
rigg, O. , Grady, C.L. , 2010. The default network and processing of personally relevant
information: converging evidence from task-related modulations and functional con-
nectivity. Neuropsychologia 48, 3815–3823 . 
runer, P. , Vo, A. , Argyelan, M. , Ikuta, T. , Degnan, A.J. , John, M. , Peters, B.D. , Malho-
tra, A.K. , Ulu ğ, A.M. , Szeszko, P.R. , 2014. Independent component analysis of rest-
ing state activity in pediatric obsessive-compulsive disorder. Hum. Brain Mapp. 35,
5306–5315 . 
an, S. , Ma, Y. , 2014. Cultural differences in human brain activity: a quantitative meta–
analysis. Neuroimage 99, 293–300 . 
arada, T. , Mano, Y. , Komeda, H. , Hechtman, L.A. , Pornpattananangkul, N. , Par-
rish, T.B. , Sadato, N. , Iidaka, T. , Chiao, J.Y. , 2020. Cultural influences on neural
systems of intergroup emotion perception: an fMRI study. Neuropsychologia 137, 
107254 . 
oerl, A.E. , Kennard, R.W. , 1970. Ridge regression: biased estimation for nonorthogonal
problems. Technometrics 12, 55–67 . 
ong, Y.Y. , Morris, M.W. , Chiu, C.Y. , Benet-Martinez, V. , 2000. Multicultural minds: a
dynamic constructivist approach to culture and cognition. Am. Psychol. 55, 709 . 
umphreys, G.W. , Sui, J. , 2016. Attentional control and the self: the self-attention network
(San). Cogn. Neurosci. 7, 5–17 . 
uynh-Thu, V.A. , Saeys, Y. , Wehenkel, L. , Geurts, P. , 2012. Statistical interpretation of
machine learning-based feature importance scores for biomarker discovery. Bioinfor-
matics 28, 1766–1774 . 
ahanshad, N. , Lee, A.D. , Barysheva, M. , McMahon, K.L. , de Zubicaray, G.I. , Martin, N.G. ,
Wright, M.J. , Toga, A.W. , Thompson, P.M. , 2010. Genetic influences on brain asym-
metry: A DTI study of 374 twins and siblings. Neuroimage 52, 455–469 . 
ohnson, S.C. , Baxter, L.C. , Wilder, L.S. , Pipe, J.G. , Heiserman, J.E. , Prigatano, G.P. , 2002.
Neural correlates of self-reflection. Brain 125, 1808–1814 . 
ann, S. , Zhang, S. , Manza, P. , Leung, H.C. , Li, C.S.R. , 2016. Hemispheric lateralization
of resting-state functional connectivity of the anterior insula: association with age,
gender, and a novelty-seeking trait. Brain connectivity 6, 724–734 . 
eenan, J.P. , Nelson, A. , Oconnor, M. , Pascualleone, A. , 2001. Self-recognition and the
right hemisphere. Nature 409, 305 -305 . 
itayama, S. , Uskul, A.K. , 2011. Culture, mind, and the brain: current evidence and future
directions. Annu. Rev. Psychol. 62, 419–449 . 
itayama, S. , Yanagisawa, K. , Ito, A. , Ueda, R. , Uchida, Y. , Abe, N. , 2017. Reduced or-
bitofrontal cortical volume is associated with interdependent self-construal. PNAS
114, 7969–7974 . 
ong, X.Z., Postema, M.C., Guadalupe, T., de Kovel, C., Boedhoe, P.S., Hoogman, M.,
Mathias, S.R., Van Rooij, D., Schijven, D., Glahn, D.C., 2020. Mapping brain asymme-
try in health and disease through the enigma consortium. Hum. Brain Mapp. 1–15.
doi: 10.1002/hbm.25033 . 
i, L.M.W. , Luo, S. , Ma, J. , Lin, Y. , Fan, L. , Zhong, S. , Yang, J. , Huang, Y. , Gu, L. , Fan, L. ,
2018. Functional connectivity pattern underlies individual differences in independent
self-construal. Soc. Cogn. Affect. Neurosci. 13, 269–280 . 
i, X. , Xiong, Y. , Liu, S. , Zhou, R. , Hu, Z. , Tong, Y. , He, L. , Niu, Z. , Ma, Y. , Guo, H. , 2019.
Predicting the post-therapy severity level (UPDRS-III) of patients with Parkinson’s
Disease after drug therapy by using the dynamic connectivity efficiency of fMRI. Front.
Neurol. 10, 668 . 
iang, X. , He, Y. , Salmeron, B.J. , Gu, H. , Stein, E.A. , Yang, Y. , 2015. Interactions between
the salience and default-mode networks are disrupted in cocaine addiction. J. Neu-
rosci. 35, 8081–8090 . 
iegeois, R. , Laumann, T.O. , Snyder, A.Z. , Zhou, J.H. , Yeo, B.T.T. , 2017. Interpreting
temporal fluctuations in resting-state functional connectivity MRI. Neuroimage 163,
437–455 . 10 iegeois, R. , Li, J. , Kong, R. , Orban, C. , De Ville, D.V. , Ge, T. , Sabuncu, M.R. , Yeo, B.T.T. ,
2019. Resting brain dynamics at different timescales capture distinct aspects of human
behavior. Nat. Commun. 10, 2317 . 
iu, H. , Stufflebeam, S.M. , Sepulcre, J. , Hedden, T. , Buckner, R.L. , 2009. Evidence from
intrinsic activity that asymmetry of the human brain is controlled by multiple factors.
Proc. Natl. Acad. Sci. 106, 20499–20503 . 
iu, T.T. , Nalci, A. , Falahpour, M. , 2017. The global signal in fMRI: nuisance or informa-
tion? Neuroimage 150, 213–229 . 
arkus, H.R. , Kitayama, S. , 1991. Culture and the self: implications for cognition, emo-
tion, and motivation. Psychol. Rev. 98, 224–253 . 
arusak, H.A. , Calhoun, V.D. , Brown, S. , Crespo, L.M. , Sala-Hamrick, K. , Gotlib, I.H. ,
Thomason, M.E. , 2017. Dynamic functional connectivity of neurocognitive networks
in children. Hum. Brain Mapp. 38, 97–108 . 
ash, L.E. , Linke, A.C. , Olson, L.A. , Fishman, I. , Liu, T.T. , Müller, R.A. , 2019. Transient
states of network connectivity are atypical in autism: a dynamic functional connec-
tivity study. Hum. Brain Mapp. 40, 2377–2389 . 
ay, A. , Gaser, C. , 2006. Magnetic resonance-based morphometry: a window into struc-
tural plasticity of the brain. Curr. Opin. Neurol. 19, 407–411 . 
ikl, M. , Mare ček, R. , Hlu š tík, P. , Pavlicová, M. , Drastich, A. , Chlebus, P. , Brázdil, M. ,
Krupa, P. , 2008. Effects of spatial smoothing on fMRI group inferences. Magn. Reson.
Imaging 26, 490–503 . 
olnar-Szakacs, I. , Uddin, L.Q. , 2013. Self-processing and the default mode network: in-
teractions with the mirror neuron system. Front. Hum. Neurosci. 7, 571 -571 . 
orris, R. , 1979. Conceiving the Self. Basic, New York . 
alci, A. , Rao, B.D. , Liu, T.T. , 2017. Global signal regression acts as a temporal down
weighting process in resting-state fMRI. Neuroimage 152, 602–618 . 
isbett, R.E. , Peng, K. , Choi, I. , Norenzayan, A. , 2001. Culture and systems of thought:
holistic versus analytic cognition. Psychol. Rev. 108, 291–310 . 
orthoff, G. , Gomez-Pilar, J. , 2020. Overcoming rest–task divide —abnormal temporospa-
tial dynamics and its cognition in schizophrenia. Schizophr. Bull. 47, 751–765 . 
orthoff, G. , Heinzel, A. , De Greck, M. , Bermpohl, F. , Dobrowolny, H. , Panksepp, J. , 2006.
Self-referential processing in our brain —a meta-analysis of imaging studies on the self.
Neuroimage 31, 440–457 . 
orthoff, G. , Wiebking, C. , Feinberg, T. , Panksepp, J. , 2011. The ‘resting-state hypothesis’
of major depressive disorder —a translational subcortical–cortical framework for a
system disorder. Neurosci. Biobehav. Rev. 35, 1929–1945 . 
yserman, D. , Coon, H.M. , Kemmelmeier, M. , 2002. Rethinking individualism and collec-
tivism: evaluation of theoretical assumptions and meta-analyses. Psychol. Bull. 128,
3–72 . 
yserman, D. , Lee, S.W.S. , 2008. Does culture influence what and how we think? Effects
of priming individualism and collectivism. Psychol. Bull. 134, 311–342 . 
oldrack, R.A. , 2011. Inferring mental states from neuroimaging data: from reverse infer-
ence to large-scale decoding. Neuron 72, 692–697 . 
in, P. , Northoff, G. , 2011. How is our self-related to midline regions and the default-mode
network? Neuroimage 57, 1221–1233 . 
iu, J. , Wu, Q. , Ding, G. , Xu, Y. , Feng, S. , 2016. A survey of machine learning for big data
processing. EURASIP J. Adv. Signal Process. 2016, 67 . 
ahman, M.A. , Abd Hamid, A. , Noh, N. , Idris, Z. , Abdullah, J. , 2020. The effective con-
nectivity of the default mode network following moderate traumatic brain injury. J.
Phys. Conf. Ser. 1497 (1), 012008 IOP Publishing . 
ay, R.D. , Shelton, A.L. , Hollon, N.G. , Matsumoto, D. , Frankel, C.B. , Gross, J.J. ,
Gabrieli, J.D.E. , 2009. Interdependent self-construal and neural representations of
self and mother. Soc. Cogn. Affect. Neurosci. 5, 318–323 . 
ubin, J. , Potes, C. , Xuwilson, M. , Dong, J. , Rahman, A. , Nguyen, H. , Moromisato, D. ,
2018. An ensemble boosting model for predicting transfer to the pediatric intensive
care unit. Int. J. Med. Inf. 112, 15–20 . 
amson, D. , Apperly, I.A. , Chiavarino, C. , Humphreys, G.W. , 2004. Left temporoparietal
junction is necessary for representing someone else’s belief. Nat. Neurosci. 7, 499–500 .
calabrini, A. , Vai, B. , Poletti, S. , Damiani, S. , Mucci, C. , Colombo, C. , Zanardi, R. ,
Benedetti, F. , Northoff, G. , 2020. All roads lead to the default-mode network —global
source of DMN abnormalities in major depressive disorder. Neuropsychopharmacol-
ogy 45, 2058–2069 . 
calabrini, A. , Xu, J. , Northoff, G. , 2021. What Covid-19 tells us about the self: the deep
intersubjective and cultural layers of our brain. Psychiatry Clin. Neurosci. 75, 37–45 .
chneider, F. , Bermpohl, F. , Heinzel, A. , Rotte, M. , Walter, M. , Tempelmann, C. ,
Wiebking, C. , Dobrowolny, H. , Heinze, H.J. , Northoff, G. , 2008. The resting brain
and our self: self-relatedness modulates resting state neural activity in cortical mid-
line structures. Neuroscience 157, 120–131 . 
churz, M. , Radua, J. , Aichhorn, M. , Richlan, F. , Perner, J. , 2014. Fractionating theory of
mind: a meta-analysis of functional brain imaging studies. Neurosci. Biobehav. Rev.
42, 9–34 . 
edikides, C. , Skowronski, J.J. , 1997. The symbolic self in evolutionary context. Pers. Soc.
Psychol. Rev. 1, 80–102 . 
havelson, R.J. , Hubner, J.J. , Stanton, G.C. , 1976. Self-concept: validation of construct
interpretations. Rev. Educ. Res. 46, 407–441 . 
ingelis, T.M. , 1994. The measurement of independent and interdependent self-construals.
Pers. Soc. Psychol. Bull. 20, 580–591 . 
ingelis, T.M. , Sharkey, W.F. , 1995. Culture, self-construal, and embarrassability. J.
Cross-Cult. Psychol. 26, 622–644 . 
ingelis, T.M. , Triandis, H.C. , Bhawuk, D.P.S. , Gelfand, M.J. , 1995. Horizontal and ver-
tical dimensions of individualism and collectivism: a theoretical and measurement
refinement. Cross-Cult. Res. 29, 240–275 . 
perry, R.W. , Zaidel, E. , Zaidel, D. , 1979. Self-recognition and social awareness in the
deconnected minor hemisphere. Neuropsychologia 17, 153–166 . 
ui, J. , 2016. Self-reference acts as a golden thread in binding. Trends Cogn. Sci. 20,
482–483 . 












































ui, J. , Enock, F. , Ralph, J. , Humphreys, G.W. , 2015. Dissociating hyper and hypoself
biases to a core self-representation. Cortex 70, 202–212 . 
ui, J. , Greenshaw, A.J. , Macrae, C.N. , Cao, B. , 2021. Self research: A new pathway to
precision Psychiatry. Journal of Affective Disorders 293, 276–278 . 
ui, J. , Gu, X. , 2017. Self as object: emerging trends in self-research. Trends Neurosci. 40,
643–653 . 
ui, J. , Han, S. , 2007. Self-construal priming modulates neural substrates of self-aware-
ness. Psychol. Sci. 18, 861–866 . 
ui, J. , Liu, M. , Mevorach, C. , Humphreys, G.W. , 2015. The salient self: The left intra–
parietal sulcus responds to social as well as perceptual-salience after self-association.
Cerebral Cortex 25, 1060–1068 . 
ui, J. , Rotshtein, P. , Humphreys, G.W. , 2013. Coupling social attention to the self-formsss
a network for personal significance. Proc. Natl. Acad. Sci. 110, 7607–7612 . 
ibshirani, R. , 1996. Regression shrinkage and selection via the Lasso. J. R. Stat. Soc. Ser.
B Methodol. 58, 267–288 . 
riandis, H.C. , Bontempo, R. , Villareal, M.J. , Asai, M. , Lucca, N. , 1988. Individualism and
collectivism: cross-cultural perspectives on self-ingroup relationships. J. Pers. Soc.
Psychol. 54, 323–338 . 
urk, D.J. , Heatherton, T.F. , Kelley, W.M. , Funnell, M.G. , Gazzaniga, M.S. , Macrae, C.N. ,
2002. Mike or me? Self-recognition in a split-brain patient. Nat. Neurosci. 5, 841–842 .
ddén, J. , Hultén, A. , Bendtz, K. , Mineroff, Z. , Kucera, K.S. , Vino, A. , Fedorenko, E. , Ha-
goort, P. , Fisher, S.E. , 2019. Toward robust functional neuroimaging genetics of cog-
nition. J. Neurosci. 39, 8778–8787 . 
ddin, L.Q. , Iacoboni, M. , Lange, C. , Keenan, J.P. , 2007. The self and social cognition: the
role of cortical midline structures and mirror neurons. Trends Cogn. Sci. 11, 153–157 .
ddin, L.Q. , Nomi, J.S. , Hébert-Seropian, B. , Ghaziri, J. , Boucher, O. , 2017. Structure
and function of the human insula. J. Clin. Neurophysiol. Off. Publ. Am. Electroen-
cephalogr. Soc. 34, 300–306 . 
ribe, C. , Junque, C. , Gómez-Gil, E. , Abos, A. , Mueller, S.C. , Guillamon, A. , 2020. Brain
network interactions in transgender individuals with gender incongruence. Neuroim-
age 211, 116613 . 
ingerhoets, G. , 2019. Phenotypes in hemispheric functional segregation? Perspectives
and challenges. Phys. Life Rev. 30, 1–18 . 11 ade ‐Bohleber, L.M., Haugg, A., Huber, S., Ernst, J., Grimm, S., Recher, D., Richter, A.,
Seifritz, E., Boeker, H., Northoff, G., 2021. Anticipating control over aversive stimuli is
mediated by the medial prefrontal cortex: An fMRI study with healthy adults. Human
Brain Mapping doi: 10.1002/hbm.25549 . 
ang, C. , Oyserman, D. , Liu, Q. , Li, H. , Han, S. , 2013. Accessible cultural mind-set modu-
lates default mode activity: evidence for the culturally situated brain. Soc. Neurosci.
8, 203–216 . 
ang, F. , Peng, K. , Chechlacz, M. , Humphreys, G.W. , Sui, J. , 2017. The neural basis of
independence versus interdependence orientations: a voxel-based morphometric anal-
ysis of brain volume. Psychol. Sci. 28, 519–529 . 
ang, J. , Wang, X. , Xia, M. , Liao, X. , Evans, A. , He, Y. , 2015. Gretna: a graph theoretical
network analysis toolbox for imaging connectomics. Front. Hum. Neurosci. 9, 386 . 
hite, T. , O’Leary, D. , Magnotta, V. , Arndt, S. , Flaum, M. , Andreasen, N.C. , 2001.
Anatomic and functional variability: the effects of filter size in group fMRI data anal-
ysis. Neuroimage 13, 577–588 . 
uyun, G. , Shu, M. , Cao, Z. , Huang, W. , Zou, X. , Li, S. , Zhang, X. , Luo, H. , Wu, Y. , 2014.
Neural representations of the self and the mother for Chinese individuals. PLoS ONE
9, e91556 . 
ie, F. , Fan, H. , Li, Y. , Jiang, Z. , Meng, R. , Bovik, A.C. , 2017. Melanoma classification
on dermoscopy images using a neural network ensemble model. IEEE Trans. Med.
Imaging 36, 849–858 . 
ang, X.F. , Bossmann, J. , Schiffhauer, B. , Jordan, M. , Immordino-Yang, M.H. , 2013. In-
trinsic default mode network connectivity predicts spontaneous verbal descriptions of
autobiographical memories during social processing. Front. Psychol. 3, 592 . 
ankouskaya, A. , Sui, J. , 2021. Self-positivity or self-negativity as a function of the medial
prefrontal cortex. Brain Sci. 11, 264 . 
eo, B.T. , Krienen, F.M. , Sepulcre, J. , Sabuncu, M.R. , Lashkari, D. , Hollinshead, M. , Roff-
man, J.L. , Smoller, J.W. , Zöllei, L. , Polimeni, J.R. , 2011. The organization of the hu-
man cerebral cortex estimated by intrinsic functional connectivity. J. Neurophysiol.
106 (3), 1125–1165 . 
hong, S. , Wei, L. , Zhao, C. , Yang, L. , Di, Z. , Francks, C. , Gong, G. , 2021. Interhemi-
spheric relationship of genetic influence on human brain connectivity. Cereb. Cortex
31, 77–88 . 
